Introduction
The measurable relationships between different parts of the human body hold widespread interest for the forensic research and practitioner communities. These relationships can be used as part of investigational evidence in a range of scenarios such as video surveillance footage from crime investigation and body identification at mass disaster scenes. 17 Three types of measurements are commonly used in investigation. The first represents accurately recorded measurements such as those obtained in custody suites or from physical measurement of a body part or its imprint. The second represents estimated measurement using third-party landmark data. For example, if video evidence is available it may be possible to estimate a person's stature (height) in relation to a known sized object within the image. Finally, the third type of measurement represents inferred data from modelled relationships, either for the purposes of measurement estimation or range confirmation of physically measured characteristics from a particular individual. 22 For the latter group of measurements, well-defined relationships between measures in a model enable accuracy in prediction, and this can be assessed through the error in model prediction when matched against actual values.
Of interest in a forensic context may be the measurement, estimation, or inference of an individual's height or stature. Indeed, it is a characteristic often reported on by witnesses of victims of a crime, and thus it has real value in suspect apprehension. A range of studies have demonstrated that long bones in the body have a positive linear relationship with stature for different populations across the world. 3, 13, 15, 19 Numerous studies within the forensic and anthropological fields have examined stature prediction from hand features. A series of studies have used the metacarpal lengths, obtained using X-ray images from both right and left hands, in order to estimate stature. For instance, 18 obtained regression models based on metacarpal lengths and demonstrated good predictions of stature based on the left metacarpals for digits 1 and 2. Additionally, 6 used the phalangeal lengths from both hands of an Egyptian subject pool and demonstrated that these measurements linked to stature prediction, obtained via a regression model. An earlier study by 21 analysed hand breadth and hand length from a Turkish population obtaining three different regressions models for males, females and whole sample populations with smaller model residuals. Since then, a more detailed analysis has been undertaken by 2 who applied linear and curvilinear regression equations for stature estimation from hand breadth and hand length separately for both sexes within a Mauritian population, whilst three studies 12, 14, 23 have used linear and multiple regression modelling to examine the relationship between stature and hand/feet dimensions within a North Indian population. These latter three studies illustrated the effectiveness of using overall hand and feet dimensions as well as individual component lengths to predict stature. It is clear that, whilst the model coefficients vary within populations, the underlying features considered to be reliable when predicting stature, are consistent.
Most recently, 10 expanded the range of hand length features to a total of 29 variables, including hand length and breadth, hand thicknesses and circumferences of fingers, palms and wrists. In order to analyse this expanded set, a multilinear regression analysis with stepwise feature selection was used. Table 1 shows the adjusted R 2 and RMSE values obtained from each study, alongside the regression model and number of subjects in the dataset. R 2 measures how well the regression model approximates the real data, with a value of 1 indicating that the model fits the data perfectly. RMSE is the sample standard deviation between predicted and observed values. It preserves the original units of measurement, and an RMSE tending toward 0 represents a wellfitting model.
Another fruitful measure which has been used within the forensic field to predict stature is stride length. Studies have shown that the stride length divided by stature is within the range of approximately 0.41 to 0.45. 7 A mean working ratio for female subjects is 0.413, whilst a working ratio of 0.415 can be used for male subjects, 5 however, in reality, there is variation across a population. When examining the relationship between stride length and stature, one consideration has related to the pace of walking, and thus the calculated length of the stride. Based on a normal walking speed, rather low correlations have been obtained between stature and right foot stride (r ¼ 0.223) and left foot stride (r ¼ 0.225). 8 In addition, a high mean error emerged when estimating stature from stride length using a conventional multiplication factor. In a similar vein, 4 also analysed the link between stature and stride length in 144 participants, and concluded that the model for mean stride length explained only 52% of the variance when considering stature. In contrast, 9 examined the relationship between stride length and stature with stride length calculated from fast walking. The authors found that the mean step length in fast walking was longer and more uniform than in normal walking. This discovery led to higher statistical correlation coefficients for the stature model based on fast walking (r ¼ 0.43) than on normal walking (r ¼ 0.29). However, the range of errors remains similar for both speeds at around 5.5 cm. 20 also analysed the importance of stride length and sex when estimating stature. They found an r 2 ¼ 0.22 for a model between stride length and stature for male subjects and an r 2 ¼ 0.29 for a female model. More recently, 11 studied the correlation of stride length with length of the lower leg and stature, based on 142 young adults from India. The authors found only a significant correlation between average stride length and stature for female subjects, however there were no significant correlations within the male cohort or within the population as a whole. The authors explained the lack of correlation by appealing to individual differences in the personal style of walking. Table 2 summarises the aforementioned stride analyses. As we have shown, a considerable number of studies have used regression modelling to explore the relationship between stature and hand dimensions, and between stature and stride length. By bridging the gap between all three measures, the present paper will Table 1 Accuracy of stature prediction models from hand lengths e previous studies.
First Author
Year potentially provide an additional useful link in evidence triangulation. Given this, the current paper addresses three novel issues: First, the study attempts to model the three-way relationship between stride (and leg) length, hand size and stature across a population of 97 subjects, thereby providing possible inferred evidence within a forensic context. By separately modelling relationships for known male and female subjects, the study aims to assess how the knowledge of sex of subject can impact prediction performance. Second, a model of the direct link between stride length and hand dimensions is established, without knowledge of the stature of the subject. Third, the study assesses the use of automated extraction techniques for stride length and skeletal measurements using a novel skeletal point tracking device. This offers the benefit of providing a set of internally consistent measurements, allowing evaluation of the effectiveness of utilising novel measurement technologies from forensic surveillance scenarios.
Methodology
A Microsoft Kinect device 16 was used to provide a novel range of automated features and, as part of this work, the accuracy of the Kinect device was assessed. Data were drawn from the Super-Identity Stimulus Database (SSD) 1 which contained hand images, stride patterns, stature and demographic information from each participant. The participants in the SSD were restricted to Caucasians and were aged between 18 and 35 years. 97 participants (47 male and 50 female) from the SSD who provided a self-reported stature were selected for assessment. The data fell into two categories: self-reported and automatically-measured. Whilst features measured by human measurement (including self-reporting) replicate conventional assessment of forensic information, surveillance scenarios also result in the generation of large datasets which require automated processing methods. In this study a scenario is replicated where a mixture of self-reported, automaticallymeasured and inferred features is available for each subject. In doing this, it becomes possible to assess the accuracy of automated extraction methods by comparing estimates against actual data (for example, actual stature against inferred stature). This transparency allows the determination of a level of trust in automated measures. It also becomes possible to assess the accuracy of relational modelling between features against ground-truth data.
Automated stride and leg length measurement
A Microsoft Kinect sensor was used to collect three videos of participants walking left to right and back again three times in front of the camera. Positional data were collected in an indoor environment lit by florescent lighting in the hall. Side-to-side sequences were filmed from a start point at the far right of the field of view with the camera placed 350 cm away. Participants were asked to walk to the far right of the field of view, pause, and then turn around and return to the starting point. This was repeated three times, to obtain three video segments of participants walking left to right and three segments of the participant walking right to left. Participants took approximately six steps from one side to the other. The camera recorded both video and real time skeletal tracking points (see Fig. 1 ), which could be used for stride analysis and leg measurement.
The Kinect sampled 20 skeletal position points associated with a subject's feet, legs, arms, torso, neck and top of head. Sampling proceeded at a rate of 30 Hz, with positional data stored in normalised x, y and z coordinates, calibrated in metres. The confidence in obtaining each skeletal point was also denoted as either "tracked" (located in the video), "inferred" (estimated from connected tracked skeletal points) or "not tracked" (skeletal point not located or estimated). Stride length was extracted from the x and y positions of the ankle points, only when both left and right ankle locations at a particular sample point were denoted as "tracked". A Euclidean distance between left and right ankle points was used to find the stride length. Fig. 2a shows the left and right ankle x coordinates across the 450 sample points for a walking sequence from one individual (approximately 15 s of walking left to right, followed by right to left, three times). It can be seen from the graph that the subject completed 5.5 walking sequences, starting left-to-right and finishing with a right-to-left sequence. Fig. 2b shows the Euclidian distance between ankle locations (using both x and y coordinates). The peaks in this graph indicate local maxima in ankle separation and are used to indicate stride length. Stride Length Median (SL_MED) was calculated in cm by taking a median Euclidean distance of the local maxima across the walking sequence. A median limits the effects of outlying values.
Two other features were extracted from the skeletal data: Leg Length Calculated (LLC) was calculated in cm by taking the distance between the median foot y coordinate and the median hip y coordinate when the leg was perpendicular to the floor.
Stature Calculated (SC) was calculated in cm by taking the distance between the median foot y coordinate and the median head y coordinate when the leg was perpendicular to the floor.
Reported measurements of hand dimensions
Hand geometry images were captured using a Nikon D200 SLR camera, with both hand and camera facing downwards. Participants placed each hand on an acetate sheet with a series of positioning pegs. Fig. 3a shows the rig used to capture images. From each hand image, a series of length measurements (based on the skeleton structure of the hand) were manually extracted ( Fig. 3b ). No significant differences were found between hand dimension sizes of left and right hands therefore, for the purposes of this study, only measurements from the three left hand images were assessed. Table 3 details all the 29 direct and composite measures (H1-H29) extracted in cm from each hand.
Reported stature
As ground-truth data, stature (self-reported) (SSR) in cm was also collected from the participants via an online survey. Our rational behind using SSR alongside Stature Calculated (SC) was to enable a comparison between the results obtained from the automated extraction of stature and physical measurement. If we can identify a significant relationship between SSR and SC then we can utilise the automatically extracted features with confidence for our stature measurement. The SC measurements will also have internal consistency with other features extracted from Kinect measurement. We recognise that in forensic investigations, stature measurements are most often captured in a supervised and controlled manner (although this is also subject to inherent variability).
Although SSR is open to larger measurement error, these data within our dataset still provide useful indicators on performance in this proof-of-concept study. The collection of a further dataset involving supervised stature measurement is an element of future work.
Results
In this section the individual feature values and their modelled relationship are examined, alongside the forensic application of these models.
Extracted features
Prior to examining our specific research questions, it was possible to explore the mean feature values and correlation between features. In this way, it was possible to establish baseline anthropological measurements for our cohort, assess measurement relationship to other datasets and also show the related features, providing guidance to subsequent modelling processes. Table 4 shows the mean values from each of the measurements in cm.
To determine the extent to which calculated stature differed from self-reported stature, the measures were compared by means of a Pearson's correlation, and a paired samples t-test. The results suggested that whilst the means did significantly differ from one another (t 98 ¼ 13.44, p < 0.001), a significantly correlation nevertheless emerged between the two measures (r ¼ 0.787, p < 0.001).
In absolute terms, the mean SC value was 9.71 cm lower than SSR (95% CI [171.95, 162.24]). Fig. 4 shows this relationship across the data. Although there is a difference between the two values, the significant correlation demonstrates the consistency of the measures extracted from the Kinect in relation to actual reported measures. Using the skeletal framework from the Kinect, the other measures from the device that we extract (such as SL_MED) are internally consistent with SC which is used as the sole stature measurement in our modelling. Table 5 shows the correlation between features for male and female subjects, and for both groups taken together. It is apparent that there are strong correlations between leg length (LLC), stature (SC) and stride length (SL_MED). This process also reveals a number of strong correlations between hand measures and stature, stride length and leg length. H8 (hand length), H3 to H6 (phalange lengths) and H7 (metacarpal length) have strong correlations to LLC, SC and SL_MED within each of the groups, with H8 providing the strongest average correlation.
Hand, stature and stride modelling
Table 6a-c shows the best regression models (in term of adjusted R 2 ) between stride length, calculated stature and hand measurements. Where a particular variable is modelled to the hand variables both the best-fit single variable model and a multivariable regression are presented. As shown with the correlation results, it can be seen that H8 (hand length) was selected as the modelled hand variable supporting a powerful prediction of other measures in many cases. The best-fit models of hand to leg length and stride length vary in dependant variables when individual sexes are considered, however, again, H8 is the feature with the strongest correlation when both sexes are considered. It can also be seen that the adjusted R 2 values align with models formed in previous studies, thereby validating our methodology of using measurement calculated from the Kinect. Uniquely in this study models have been formed between stature, hand, stride length and leg length across a common population. This enables prediction between these measurements leading to practical use in a forensic context.
Accuracy of the models for forensic investigations
It is possible to envisage the use of these models under investigative scenarios where one or more facet of identity is available and a test is required on an actual or inferred measurement from the same subject. In a simple case, the modelled properties of stature may be required given a particular known hand measurement (or vice versa). If the sex of the subject is known, then the tuned model can be used. When unknown, the 'combined' sexes model can be used. These cases are illustrated as Scenarios 1e3 below. Scenario 1 uses models that comprise a single hand feature that resulted in the lowest modelled error in predicting stature, whereas Scenario 2 uses models combining multiple hand features that resulted in the lowest modelled error. Both these scenarios use model constructed independently for each of the three population groups.
Given the widespread use of CCTV images, a situation may, however, arise where remote measurements of a subject are obtained (for example, a subject's estimated leg or stride length from a video source). Having obtained models linking these facets to stature and hand size, these can be used to form direct (leg to hand, and stride to hand) or indirect (leg/stride to stature to hand) predictions of other characteristics. These cases are illustrated as Scenarios 4e7 below. Table 7 shows the RMSE results across these seven scenarios. RMSE is useful in this exercise as the error is expressed in the same units as the modelled target data. Where the target is a feature of the hand (Scenarios 3 to 7) H8 (hand length) was selected as the target feature enabling comparison of RMSEs between the groupings.
In assessing the results in Table 7 it was possible to observe that RMSE values were slightly higher than other studies which may be due to the calculated nature of stature. The hand measurements had a mean residual of between 7 and 12 mm. Fig. 5aef displays (left hand figures) the relationship between actual and modelled target results and (right hand figures) the residuals for each subject in each scenario. It was also possible to note that the direct models linking leg/stride length to hand length produce similar residuals relative to when stature was used as an intermediary. An advantage of using the latter is that an additional variable is modelled, adding to the forensic evidence obtained. However, it must be acknowledged that the direct linkage is marginally stronger, thereby providing a trade-off between overall accuracy and quantity of inferred features.
Discussion
In comparing our results with previous studies several observations can be made:
The R 2 values from our models are comparable with the results from other studies. However, as our models use calculated stature rather than the self-reported or directly measured stature, a direct comparison of model performance is not strictly applicable. The R 2 values do, however, indicate that the Kinect device has the potential for use in forensic assessment where linkages between body measurements are required. Across all studies, it is important to consider possible differences within a population, together with the size of the population sampled, as this again could lead to inherent differences in regression fit. Inter-study comparisons should focus on the relative size of statistics such as R 2 and the features selected by the modelling process. In this respect, when linking stature to hand measurements, our universal model across both sexes uses overall hand length as a predictive feature, as identified in other work [8, 9 and 10] . However, the current work has used a finer resolution of hand measurements in comparison with previous work. The best feature for the stature to hand regression model for male subjects uses the distal phalanx. This indicates the use of a finer resolution of measurements may lead to optimal results within populations. Our hand to stature model for female subjects uses 2nd digit (index finger) length as identified in 14 and. 23 The slightly higher R 2 values obtained in our studies in comparison with these two studies may be attributed to population differences between studies. Across the literature, there is a larger variability in the errors contained within models linking stature to stride length. Potential contributing factors to this include the range of intra-person walking styles, and walking speeds. Our R 2 results are, however, comparable to other studies such as 4, 8 ; and. 9 Assessing the modelling relationship between leg length and stride length, a significant correlation did emerge both when the sexes were considered individually and when combined. This is in contrast with the results reported by. 9 However, our correlation is less significant in males, which does agree with this study. Overall, there are very strong correlation and model R 2 values for leg length to stature agreeing with the studies of 19 and. 3 As noted in Table 4 , self-reported stature (SSR) is greater than calculated stature (SC). This may be explained by three factors: i) subjects typically had their head bowed whilst walking, ii) the Kinect reported head position below the actual top of head and iii) the reported ankle position was above the actual floor. It must also be acknowledged that, due to the self-reported nature of SSR, there are some inherent inaccuracies in measurement. Indeed, subjects, when self-reporting stature, tend to make themselves taller unless they are very tall and then they tend to under report. 24 As the aims of our work included an exploration of automated tools to i) calculate accurate anthropological features and ii) model anthropological and behavioural linkages, the mean and range of extracted features, the correlation significance between features and the accuracy of our models proves that the devices and methods employed within the experiment have the capability for providing accurate and usable results.
Conclusions
Within this work a novel dataset has been used wherein data for hand, stature, stride length and leg length have been captured from a common population. This has allowed unique modelling of the relationships between and across these elements. The resultant models aligned well with other studies linking hand to stature, and stature to stride and leg length. Additionally, the current results suggest that it is possible to use stature as an intermediary measure between hand and stride length, as well as exploiting a direct relationship between these measurements. The intermediary use of stature has the advantage of providing additional modelled information (stature, alongside hand measurements) with no noticeable performance deterioration. The current methodology of using calculated height replicates that used to obtain data from videobased sources where accurate direct physical measurements may not not available. Even with these calculated data, internal accuracy of the current models is achievable, typically to within 8 mm of actual hand length. This triangulation between stature, hand and stride/leg length provides a useful analysis for inferring and checking evidence from within a subject's measurements. Within separate models of hand to stature, and stature to leg length measurement, a detailed meta-analysis across different populations and datasets would ascertain the complementary in our modelled relationships. Future work would involve the collection of additional data from a disjoint population to independently validate the models that we have derived. As the use of hand morphometry increases in both the biometric and the forensic fields, it is important that we have a full understanding of relationships and possible inferences that can be made regarding other aspects of the human form.
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